This paper proposes an alternative data envelopment analysis (DEA) method for assessing the performance of joint maintenance shops (JMSs) in the Taiwanese Army over two 6-month periods in 2000. It further examines the possibility of using DEA over time as a basis for continuous improvement. To help productivity improvements, the DEA results for the first time period were implemented at the five selected JMSs located in Taipei, Taoyuan, Taichung, Chaiyi, and Kaoshiung. The findings show that most of previously inefficient JMSs, on average, have become relative more efficient through DEA recommendation remedial actions. Three JMSs increased their technical and pure technical efficiencies; and one JMS increased its scale efficiency. Few JMSs were operating at increasing returns to scale, indicating a potential to expand. As such, it can be a valuable benchmarking tool for the JMS managers and assist in efficiently using scare resources to produce productivity. Finally, the Army has accepted DEA as a performance measurement tool for JMSs.
Introduction
Defense budgets have declined over past years. In respond to using scare resources more efficiently, Taiwanese Army developed and implemented a joint maintenance logistical reform programme in 1999. The programme aims at integrating six different types of military equipment maintenance service into a joint maintenance shop (JMS) at the corps level. A JMS is responsible for overhaul maintenance of military equipment including armament, chemical equipment, communication systems, engineering equipment, vehicles and armored vehicles. To maintain military equipment, the Army operates eight JMSs nationwide. * Tel.: +886-2-26212121ext5501; fax: +886-2-26260520. E-mail address: shinn.sun@msa.hinet.net (S. Sun).
Performance measurement has been considered important for JMS managers. Improvements in the productivity of these JMSs are highly desirable since productivity gains are translatable into increased operational capabilities. The tactical logistics command (TLC), an Army logistics agency, is responsible for controlling the performance of Army maintenance units. Over the past decade the Army has not been allocated enough defense budgets to buy the new military equipment it feels are needed. This deficit could be reduced by channeling resources saved through productivity gains into new equipment purchases.
Army JMS managers use significant resources (e.g. manpower, supplies, equipment, and facility) in the equipment maintenance process. The outputs of that process are vital to the mission of the Taiwanese Army. Many potential benefits are possible through performance improvements. However, to realize this potential, the Army needs an objective system to measure and monitor the performance of JMSs over time. The TLC had no creditable performance system prior to this study.
The objective of this study is to examine potential applications of data envelopment analysis (DEA) in assessing JMS productivity. Productivity/performance is defined as 'the ability to produce the outputs or services with a minimum resource level required'. This research focuses on new methodological developments in DEA and application of an alternative DEA model to perform actual improvements in system performance. In specifically, we first present a model by integrating 'non-discretionary (NCN)' model (Banker and Morey, 1986) and 'assurance region (AR)' model (Thompson et al., 1986 (Thompson et al., , 1990 and, referred to 'NCN-AR' model. The NCN-AR model restricts the domain of multipliers and incorporates non-discretionary input and output variables that are beyond the control of an organization's management. Analytical benefits of the proposed include the improvement of the discriminatory power of DEA and the restriction of the multiplier domain based on a prior information incorporating decision makers' preferences. Then, we test whether the proposed method can be used as a basis for continuous improvements in a filed experiment where the TLC took part in. The DEA NCN-AR model can, thus, proceed one more step in forging a closer association with performance measurement and become a useful system to measure and monitor JMS maintenance productivity over time.
DEA, a linear programming based model, was originally presented by Charnes et al. (1978) . The DEA methodology appears to be an appropriate measurement tool for this study due, partly, to the following reasons.
(1) Performance of the JMSs is characterized by a large number of 'inputs' and 'outputs'. (2) Although work routines at the JMS level are generally well defined, some maintenance tasks can be performed by different combinations of such routines. (3) It does not require explicit functional relationships between inputs and outputs.
Due to these reasons, assessing the efficiency of the JMSs by conventional techniques (see, e.g. Roll and Sachish, 1981) proved difficult. In addition to its sound theory, transparence and reproducible computational procedure, the DEA method has several advantages over traditional approaches such as ratio analysis and regression analysis (see Sherman, 1986) . A major advantage is that DEA has been empirically validated many times over. As pointed out in Golany (1988) , DEA is emerging as the leading method for efficient evaluation, in terms of both the number of research papers published and the number of applications to real world problems. We shall assume throughout this paper some knowledge of DEA. Readers not familiar with DEA are referred to Charnes et al. (1994) .
The rest of paper is organized as follows. Section 2 provides a review of DEA and published DEA studies of maintenance unit performance in military. Section 3 introduces a methodology section discussing the sample, selection of input and output measures, and development of an alternative DEA model. Section 4 presents the empirical results of the analysis. Section 5 concludes the paper.
Literature review

Basic DEA models
This subsection provides a brief review of two basic models developed in the DEA literature, namely, the Charnes, Cooper and Rhode model (referred to as the CCR model) and the Banker, Charnes and Cooper model (referred to as the BCC model). A variety of extensions to the basic DEA models can be found in Cooper et al. (2000) . Charnes et al. (1978) initially introduced the CCR model to measure the relative efficiency of decision making units (DMUs) using multiple inputs to produce multiple outputs. They addressed constant returns to scale (CRS). CRS assumes that there is a proportional change between inputs and outputs. The CRS efficiency represents technical efficiency (TE), which measures inefficiencies due to input/output configuration and as well as size of operation. Banker et al. (1984) presented the BCC model to determine whether there are any inefficiencies attributed to disadvantageous conditions under which a DMU is operating, which are not directly related to the in-puts and outputs, and to allow for a larger peer group to be considered. They addressed variable returns to scale (VRS). VRS assumes that there is a proportional change in inputs does not result in a proportional change in outputs. The VRS efficiency represents pure technical efficiency (PTE) , that is, a measure of efficiency without scale efficiency (SE). It is thus possible to decompose TE into PTE and SE. Scale efficiency can be estimated by dividing PTE into TE.
To investigate determine the current economy of scale that a DMU is experiencing, an efficiency index must be computed when the technology exhibits non-increasing returns to scale (NIRS). This can be done by relaxing the constraint on the weigh variables in the dual form of the BCC model to be less than or equal to one. The solution to the LP problem for DMU j when n j=1 λ = 1 is replaced by n j=1 λ ≤ 1 is denoted by TE j,NIRS . Again, the LP problem is solved for each DMU. TE j,NIRS is then compared to TE j,VRS . If TE j,NIRS = TE j,VRS , then the scale inefficient DMU j is experiencing DRS and would be benefited by downsizing. On the other hand, if TE j,NIRS < TE j,VRS , then the scale inefficient DMU j is operating IRS and should expand its production. For a detailed discussion on returns to scale, see Banker and Thrall (1992) .
DEA studies of maintenance unit performance in military
Three main studies that have used DEA to measure the performance of military maintenance units can be found in Charnes et al. (1985) , Roll et al. (1989) and Clarke (1992) . Each of these papers provided important contributions to the DEA and efficiency measurement literature. In what follows we discuss these studies in terms of the production model, sample size and DEA models, and provide some key observations. The first of these applications, the Charnes et al. (1985) research, used the input orientated CCR model (Charnes et al., 1978) to analyze fourteen tactical fighter wings (TFWs) in the US Air Force using artificial data during the period October 1981 through May 1982. The production model consisted of eight inputs and four outputs. The inputs are: number of officers, percentage of assigned officers to authorized officers in a wing, number of airmen, percentage of assigned airmen to authorized airmen in a wing, 100,000 minus total number of hours in a specific month in which the possessed aircraft were not mission capable due to supply problems, average number of aircraft in a wing; 1000 minus number of sortie losses due to external reasons, and cannibalization rate. The outputs include total number of sorties flown by each wing in a specific month, total number of hours that the possessed aircraft were fully or partially mission capable, 100000 minus total number of hours in a specific month in which the possessed aircraft were not mission capable due to maintenance problems, and fix rate within given time intervals. Important to highlight is their attempt to capture in their production model the observed quality of maintenance operations (e.g. the total number of hours in a specific month in which the possessed aircraft in each wing were not mission capable due to maintenance problems). In addition, they used the window analysis technique to increase the number of DMUs in dealing with degrees of freedom problems caused by insufficient number of DMUs. Roll et al. (1989) applied the input orientated CCR model to analyze five maintenance units (MUs) in the Israeli Air Force using quarterly data. The production model consisted of three inputs (labor, operational facility, spare parts consumption in dollars) and six outputs (sorties types I and II, flying hours, ratio of maximum daily sorties to average, standard deviation of daily sorties and number of cancelled flights. The emphasis of this paper is on the choice of factors to enter the analysis and on assigning numerical values to qualitative factors. This paper attempted to investigate production models with different combination of pre-selected outputs. Performance of various levels of the MUs was evaluated. Clarke (1992) also used the input orientated CCR model to evaluate vehicle maintenance performance at seventeen bases of the United States Air Force's Tactical Air Command over the time period 1983-1986. The production model consisted of four inputs (labor hours, material costs, number of trainees, and adjusted vehicle days) and two outputs (number of in-commission days for the vehicle fleet and number of mechanics trained each year. The author discussed the results of the DEA model over time and analyzed managerial reactions to the DEA method.
There are some key observations on this previous work using DEA.
(1) The justification of the presence of the CRS is not provided. CRS assumes there is no signifi-cant relationship between the scale of operations and efficiency. Unfortunately, the authors of previous studies did not explain why they considered a DEA model with CRS. (2) The issue of RTS is not examined. Investigating RTS is important because scale inefficient units can identify their current operating economies of scale (i.e. most productive scale size, MPSS) and determine whether their operations should be downsizing or expanding. However, to date none of the published research works has addressed this issue. (3) None of the research cited has treated weight restrictions and the presence of non-discretionary inputs and outputs. Many researchers (e.g. Dyson and Thanassoulis, 1988; Wong and Beasley, 1990) noted that traditional DEA allows for complete weight flexibility and may result in identifying a DMU with an unrealistic weight scheme to efficient. Restricting multipliers (weights) would reduce the number of efficient DMUs. As Banker and Morey (1986) noted, there exits non-discretionary variables that have values determined by forces exogenous to the organization under evaluation, and should keep the non-controllable variables fixed at its current level. These two issues have not been addressed in previous studies.
This paper contributes five extensions to the existing research. First, we propose an alternative DEA model which considers both weight restrictions and the presence of non-discretionary inputs and outputs. Second, we present a justification for using the BCC model. Third, we empirically test the effects of DEA in evaluating maintenance performance at five JMSs of the TLC. Fourth, we investigate returns to scale for each JMS and suggest potential improvements for inefficient JMSs. Finally, we discuss what actual managerial recommendations obtained from the DEA evaluation that would lead to in improving JMSs.
Methodology
Sample
The sample consists of five JMSs of the Taiwanese Army's TLC; these are core maintenance units at the corps level excluding three extremely small units which are very different from the rest by their size and activities. The five JMS were labeled A, B, . . . , E for confidentiality. A JMS in each different month was treated as a DMU. Thus, A DMU's performance in a particular month was contrasted with its performance in other months in addition to the performance of the other DMUs. To perform DEA over time we collected two sets of data covering the time periods January-June and July-December 2000. Then, we performed two DEA analyses, where each analysis examined 30 DMUs.
Output and input measures
For the purpose of building a simple and yet fair picture of maintenance operations and productivity, the TLC had decided to group maintenance services by 'importance of operation' and 'complexity of operation'. This had resulted in the following four types of maintenance operations: (1) vehicles, (2) armament, (3) armored vehicles, and (4) 'other equipment' (chemical equipment, communication systems, and engineering equipment).
It was agreed that the four categories of operations were sufficient to convey an overview of importance and complexity of operation identified and they were retained for the purposes of the assessment reported in this paper. Similarly, the other input and output indicators were aggregated into composite factors, such as labor hours, spare parts costs and personnel trained. From the review of published sources, the TLC staff managers and JMS managers selected five output measures and six input measures for this study. The output and input variables were defined as follows.
(1) Input variables
• Total number of assigned vehicle to a JMS in a specific month (x 1 ).
• Total number of armament assigned to a JMS in a specific month (x 2 ).
• Total number of armored vehicle assigned to a JMS in a specific month (x 3 ).
• Total number of 'other equipment' assigned to a JMS in a specific month (x 4 ).
• Spare parts costs (x 5 ).
• Total number of available labor hours (x 6 ). (2) Output variables
• Total number of assigned vehicles that are in serviceable condition each month (y 1 ).
• Total number of assigned armament that are in serviceable condition each month (y 2 ).
• Total number of assigned armored vehicles that are in Serviceable condition each month (y 3 ).
• Total number of assigned 'other equipment' that are in serviceable condition each month (y 4 ).
• Total number of personnel trained each month (y 5 ).
Among the input and output variables, only the amount of 'spare parts costs' is discretionary. Whether a JMS can obtain needed spare parts depends on defence budgets allocated to the Army and available spare parts provided by suppliers. Thus, the value of this input variable is beyond the control of the JMS managers. In addition, some outputs that cab be used to measure effectiveness of JMS operations and per- formance flexibility were not readily available. For example, average number of in-commission days for certain type of equipment used by the Army users and mean time between failures. As is typical in any empirical study, it is difficult but important that all possible inputs and outputs are completely and correctly specified. The omission of important variables produces biased results. In this paper, we base the analysis on the model of JMS maintenance operations depicted in Fig. 1 . After the cooperation of the Director of the TLC was secured, we collected monthly data for the year 2000 from five JMSs in the Taiwanese Army and the headquarters of TLC. The initial data covering the time period January-June 2000 was chosen for DEA analysis. Table 1 presents descriptive statistics for the initial data set. Table 2 shows correlations obtained. The JMS managers were then given 6 months to improve their efficiency scores. At the end of the year 2000, data covering the time period July-December (1) Three operation categories (i.e. number of vehicles, armored vehicles and armament assigned to a JMS) have positively associated fix levels of the three different categories. So JMSs that perform well in one operation do so in the other two operations. 'Labor hours' has positively associated the numbers of vehicle armament, and other equipment that are in serviceable condition. The more labor hours were used, the more fix levels of these three types of assigned equipment would be increased. (2) 'Spare parts costs' is negatively associated with the repair levels of assigned vehicles and armored vehicles. Correlation coefficients are 0.03 and 0.028, respectively, which are not significant. It may release that that availability of spare parts for specific equipment would often affect a repair level of this specific equipment. This is as we expected. (3) The number of 'other equipment' assigned to a JMS is negatively associated with the repair levels of vehicles, armored vehicles and armament assigned to a JMS. It shows that as the number of 'other equipment' assigned to a JMS increases, the repair levels of other three types of equipment decrease. The JMS managers indicated that complexity of the operations, availability of spare parts and experience of workers might result in the negative correlations. The order of the relative complexity of maintaining four types of equipment that the JMS managers considered from high to low is armored vehicles, vehicles, armament and other equipment. In practice, to obtain spare parts for armored vehicles, vehicles, armament is more difficult than to obtain spare parts for other equipment. This is because the first takes a longer time, normally 18 months, to buy materials overseas.
To maintain armored vehicles, vehicles and armament need more skillful workers and longer operating hours. Knowing the fact that the more armored vehicles, vehicles, and armament assigned to a JMS the longer operating time to be, Army units would tend to assign more other equipment to a JMS. Furthermore, a JMS lacking for available spare parts and skillful workers in maintaining these three types of equipment would tend to fix more other equipment. (4) Total number of mechanics trained has positively associated the fix levels of four types of equipment. It is not surprising that well-trained personnel produce in higher repair levels of the four types of equipment.
Observations of negative correlations between inputs and outputs flaws DEA logic and therefore any results under these conditions are highly suspect. In order to preserve the isotone property for some outputs we must rescale the data to remove the negative correlation. A scale shift transformation was then employed by multiplying the original value of the output variable for each JMS with a scalar.
As Avkiran (2001) suggested, an alternative approach for choosing between CRS and VRS is to run the performance models under each assumption and compare the efficiency scores. If a majority of the DMUs emerge with different scores under the two assumptions, then it is safe to assume VRS. However, if the majority of DMUs are assessed as having the same efficiency, one can employ CRS without being concerned that scale inefficiencies might confound the measure of technical efficiency. We then run the CCR and BCC models using the selected inputs and outputs. Comparing the two runs reveals different efficiency scores, thus confirming the presence of VRS. In addition, the JMS managers agreed to use the BCC model to identify the returns to scale of each JMS. Hence, the assessment was run under VRS.
DEA models
In the subsection, we present output-oriented DEA NCN-AR models for measuring the performance of JMSs. Output orientation is a natural choice because the objective of the TLC is to maximize outputs while using no more than the observed amount of any input. The development of the proposed DEA models is given in the following paragraphs.
Banker and Morey (1986) provided a modification to the basic DEA model permits the DEA solution to indicate the amount a controllable input can be reduced while keeping the non-controllable input while keeping the non-controllable input fixed at its current level. Mathematically, the primal multiplier form of the output-oriented NCN-CRS model can be represented as:
where TE O,CRS NCN is the optimal value of technical efficiency of the target DMU (DMU o ) under the output-oriented NCN-CRS evaluation; x ij the amount of input i to DMU j; y rj is amount of output r to DMU j; v i the weight given to input i; u r the weight given to output r; ε a non-Archimedean infinitesimal; s the number of outputs; m the number of inputs; and n the number of DMUs. The symbol D and ND refer to 'discretionary' and 'non-discretionary', respectively.
This NCN-CRS model can be extended in order to accommodate non-discretionary input and output variables in the following form:
subject to
Traditional CCR and BCC models place no constraints on weight attributed to each input and each output in the multiplier problem, thus allowing absolute weight flexibility. This can result in identifying a DMU with an extreme weighting scheme to be efficient. Outlier units will tend to be classified as technically efficient and zero weights will be assigned to most of their inputs/outputs. This represents a contradiction in itself because if such inputs/outputs were not important, they would not be included in the analysis. Absolute weight flexibility can result in an overestimation of technical efficiency. To overcome this problem, the assurance region (AR) model developed in Thompson et al. (1986) and further defined in Thompson et al. (1990) can be used to restrict the values that virtual weights may attain and thereby, limit the range of acceptable efficient input and output levels. The AR model provides lower and upper bounds on the admissible values of variables. These bounds take the following form.
Here, u ro and v io represent primal variables which serve to establish the upper and lower bounds represented by δ r , γ r and by α i , β i for the primal variables associated with each output and input.
We now add (3) to (2). Thus, the output-oriented NCN-AR-CRS model is expressed as:
where TE O,CRS NCN-AR is the optimal value of technical efficiency of the target DMU (DMU o ) under the output-oriented NCN-AR-CRS evaluation.
Following is the primal form of the output-oriented NCN-AR-VRS model. 
Empirical results
Restriction on output multipliers
In order to measure NCN-AR efficiency, the prior information for (3) was determined by one TLC staff manager and five JMS managers. Weight restriction is imposed on outputs because the TLC attempts to maximize the outputs while using the given input levels. The managers made a pairwise comparison of the relative importance of each output using their subjective judgments. Analytic Hierarchy Process (AHP) proposed by Saaty (1980) was used to quantifying their subject judgments. The results derived from this AHP analysis then served as a guideline for setting the upper and lower bounds of (3). The adjusted weights on outputs of the six managers are shown in Table 3 .
In order to take into account the various views which the managers showed in the Table 1 , all managers agreed with us to use the assurance region concept in the following way.
Let the weight for output r (y r ) be u r (r = 1, 2, 3, 4, 5, 6) Use of these "paired comparisons" is in line with the principles adopted in the AHP. Using these upper and 
Initial results
Initially, ten of the thirty DMUs identified in Table 4 were found to have pure technical efficiencies under VRS in one or more aspects of their operations and received a DEA efficiency score <100%. This means that each of the ten DMUs was inefficient relative to an efficient subset of the remaining twenty DMUs.
As can be seen in Table 4 , four DMUs in our sample were operating at CRS/MPSS and the remaining 26 at IRS in the first data collection period. JMSs operating at IRS had not grown larger than their most productive scale size and could consider expansion. Table 4 also shows that twenty-six of the thirty DMUs were scale inefficient with average scale efficiency score 73.87. It suggests that further potential output improvements of 12.13 percent if it is possible for a JMS to operate at the constant returns to scale technology. Among the 26 scale-inefficient JMSs, 20 did not achieve pure technical efficiencies. It should be noted, in general, it is more difficult to reduce scale inefficiency than it is to reduce technical inefficiency. Only when a DMU becomes technically efficient does it make sense to deal with scale inefficiency.
In order to examine stability and other properties of the efficiency evaluations, we performed mean-variance analysis on efficiency scores. Table 5 presents the results of mean-variance analysis. JMS A has the highest mean and low variance in its TE ratings while the other four JMSs have low means and variance. These four JMSs are due to inappropriate input/output configuration as well as size of operations. Variations in PTE ratings show that JMS A not only has the highest mean and the lowest variance, followed by JMS D. Furthermore, JMSs B, C, and E also have low means and high variances in their PTE ratings. These three JMSs are not on pure technical efficient frontier due to inappropriate input/output configuration. JMS D has the lowest mean and high variance in its scale efficiency ratings. The inefficiency is due to not appropriate size of operation.
A closer look at each of the inefficient JMSs can be taken by depicting efficiency trends in TE, PTE, and SE scores. For brevity, Fig. 2 depicts the efficiency trends for the most inefficient JMS/JMS E with the lowest mean PTE value of 46.88. There are unstable efficiency trends for JMS E. The SE score for JMS E slightly differed during the time period January-June 2000 while its TE and PTE scores evidently differed and dramatically declined to the bottom in July. After investigating causes of this considerable change, we have found that the declining is due to lack of available spare parts for supporting its maintainability. Once a JMS obtained spare parts needed through defence acquisition undertaken in July that is a new buy for a new fiscal year, it was then in an effective operational state. Thus, each of three efficiency scores for JMS E exhibits an upward trend starting in July 2000. The Director of the TLC recognized this issue and asked his staff managers to take it into account in future acquisition and maintenance of spare part inventories. However, acquisition of spare parts for military use may not be easy due to foreigner governments' restrictions.
The solution of the DEA models yields target input and output level which would render inefficient JMSs efficient, if not already so (see Charnes et al., 1978) . Table 6 shows the potential improvements for the inefficient JMSs. The TARGET column shows the amount of inputs and outputs that an inefficient unit should be using or producing in order to be efficient while POTEN-TIAL IMPROVEMENT column shows how much, in percentage terms, an inefficient JMS's use of inputs or production of output needs to change by in order for it to be efficient. For example, the most inefficient JMS/JMS E, on average, can increase its fixed vehicle number by 821.37%, fixed armament number by 567.21%, fixed armored vehicle number by 247.24%, and number of other equipment fixed by 26.27%; while simultaneously reducing its assigned armament number by 41.73%, assigned armored vehicle number by 47.98%, number of other equipment assigned by 82.91%, labor hour by 37.62% and number of trainees by 24.77%. Similarly, such an analysis can be applied to the other inefficient JMSs.
We should note here, it is sometime difficult for an inefficient JMS to make improvement when its increasing output level or reducing input levels is over 100%. JMS managers can use the potential improvements reported in Table 6 to identify directions for improving inefficiency. In addition, we tested the stability of the efficiency scores to variable variation. We, then, have found that the more input and output variables are included in the model, the higher will be the number of DMUs with an efficiency score equal to unity.
Once this experiment was completed, the DEA results were then provided to the managers of the JMSs and to the staff managers of the TLC with instructions from us to use the results to improve their relative efficiency score over the next six months. This was done by providing them several recommendations: (1) consideration of expansion of the inefficient JMSs, (2) use of the potential improvements as a guideline for improving inefficiencies, and (3) development of an effective operational state.
Results over time
At the end of the year 2000, data were again collected and analyzed using the DEA models. Table 4 summarizes these results for the DEA models. Table 5 presents the comparison of the DEA results over time for each of JMSs in terms of mean efficiency.
In contrast to efficiency gains made from January to June 2000, the number of DMUs received TE, PTE and SE scores of 100% in the July-December evaluation has increased from 3 to 7, 10-18, and 4-7, respectively. The mean TE score has increased from 42.53 to 48.96 (+15.12%); the mean PTE score has increased from 60.34 to 75.04 (+24.36%); and the mean SE score has decreased from 73.87 to 65.76 (−10.98%). In addition, the number of CRS has increased from 4 to 12 while the number of IRS has reduced from 26 to 18.
From Table 5 , JMSs B, C, and E have increased technical and pure technical efficiencies over time while the other two JMSs have reduced their efficiency scores. In addition, JMS D has slightly increased its scale efficiency score while the other four JMSs have reduced their scale efficiency scores.
Managerial reactions to DEA
After presenting the results of DEA to LTC and JMS managers, we had their reactions to DEA. All managers agree DEA was helpful in assessing relative organizational performance, identifying inefficiencies, locating slack resources, and identifying comparable units. However, some of managers expressed the view that DEA did not address quality of operations. As for the Director of the TLC, he was happy with the DEA results and recommended that a performance measurement tool should take into account quality and efficiency of operations. Currently, DEA is implemented at JMSs and more experiments to test the effects of DEA in other TLC maintenance units are undertaken.
Conclusions
This research has developed an alternative DEA model to assist the TLC in evaluating the performance of JMSs and empirically tested the applicability of the proposed model. The proposed model takes into account non-controllable inputs/outputs and weight restrictions. The research findings have shown that using DEA over time can be seen as a basis for continuous improvement. On average, JMSs B, C, and E have increased technical and pure technical efficiencies through DEA recommendation remedial actions while the other two JMSs have reduced their scores. Only JMS D has slightly increased its scale efficiency score while the other four JMSs have reduced their scores.
Since the JMSs had no creditable system prior to the DEA analysis, this study has made a stand alone contribution by presenting the DEA results. Clearly, the stricter the standards against which productivity is evaluated, the sharper the management tool. Such additional sharpness can be introduced by adding quality metrics to future DEA research efforts.
